INTRODUCTION
Remotely-sensed imagery is widely used for the estimation of the yields of crop fields. Traditionally, multi-spectral imagery, which contains several spectral bands covering visible and near-infra-red wavelengths, are used for this purpose. Vegetation indices have been proven to be a useful tool for crop yield estimation (e.g. [1, 2, 3, 4, 5, 6] ). Different approaches are also been applied (such as neural network [7] and autoregressive (AR) models [8] ), with moderate success.
Hyperspectral imagery, which often contains hundreds of spectral bands, has been evaluated for crop yield estimation ( [9, 10, 11, 12] ). These almost continuous spectra, which provide much more spectral information on the observation scenes, have the potential to better describe the biological and chemical attributes on the plants than multi-spectral imagery. The spectrum of a pixel in a hyperspectral image is a mixture of the spectra of some basic components (thereafter called endmembers). By unmixing the spectrum of each pixel, one can compute the spatial abundances of the endmembers. And the spatial abundance of the vegetation on a scene derived from a hyperspectral image can be more precise than the vegetation index deduced from a multispectral image. Recently, the authors of [13] propose to compute the vegetation abundance to map the yield of sorghum fields using linear unmixing of hyperspectral images. The correlation coefficients between the vegetation abundances and the yield data are quite satisfactory. The authors suppose that the spectrum of a pixel in the hyperspectral image on a crop field is a linear mixture of the spectra of vegetation and bare soil. The abundance of vegetation is then calculated by using linear unmixing. In [13] , the spectra of vegetation and bare soil are supposed to be known, which are either measured in laboratory or selected manually from the image. This is a main drawback of the method, since the reference spectrum is not always available.
The first contribution of this paper is to evaluate unsupervised linear unmixing approaches for hyperspectral images
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for crop yield estimation. In this paper we will use a very efficient endmember extraction approach -the Vertex Component Analysis (VCA) [14] The second contribution of this paper is to use the hyperspectral images of the same fields taken on two different dates for yield estimation. Even though the images are often taken in good conditions (sunny and calm weather), the light and weather can still have influence on the observation. In addition, calibration errors can randomly occur in an image. The relations between the yield data and different observations will vary. [6] . The fusion of different independent observations on the same scene can reduce the influences of this uncertainty and obtain a robust result. In this paper, we propose to combine, for each field, the unmixing results obtained on two different dates in order to improve the accuracy of the estimation.
The outline of this paper is as follow: in Section 2, we present briefly the linear mixture models of hyperspectral images and the linear unmixing approach used in this study (VCA). In Section 4, we present the mapping results obtained on real hyperspectral data sets. Finally, we conclude in Section 5.
LINEAR UNMIXING OF HYPERSPECTRAL IMAGES
We note X the matrix representing the hyperspectral image cube, where X = {x 1 , x 2 , . . . , x Na } and
T , x l,k is the value of the kth pixel at the lth band, N s is the number of spectral bands and N a is the number of pixels. We assume that the spectrum of each pixel is a linear mixture of the spectra of N c endmembers, leading to the following model:
where M = {m 1 , m 2 , . . . , m Nc } is the mixing matrix where m n denotes the spectral signature of the nth endmember. S = {s 1 , s 2 , . . . , s Nc } T is the abundance matrix where s n = {s n,1 , s n,2 , . . . , s n,Na } (s n,k ∈ [0, 1] is the abundance of the nth endmember at the kth pixel). n stands for the additive noise of the image. Two main assumptions could be made on the endmembers:
• positivity: the spectra M and the abundances S are nonnegative;
• sum-to-one:
Nc n=1 s n,k = 1; the sum of the abundances of all the endmembers at the same pixel should be one.
Since the abundances of the endmembers conform to the positivity and sum-to-one conditions, the hyperspectal data should be limited inside the simplex formed by the endmembers, if the data is noise free. Therefore the extrema of the simplex formed by the hyperspectral data are endmembers. Based on this property, lots of geometrical linear unmixing approaches are proposed, such as PPI [15] , n-Find [16] , VCA [14] and SMACC [17] .
Among these approaches, we use VCA method for unmixing the hyperspectral images, which is very efficient. VCA iteratively projects the data onto the direction orthogonal to the subspace spanned by the already determined endmembers. The extremity of this projection is the new endmember signature. VCA stops the iterations when the desired number of endmembers attains.
Once the spectra of the endmembers are extracted, the abundances of the endmembers are estimater by using Nonnegative constrained least squares. Since only tww endmembers are extracted, we do not impose the sum-to-one condition during the estimation of the abundances in order to avoid the overfitting.
DATA SETS

Hyperspectral images
One irrigated sorghum field in south Texas are considered in this paper. It is noted as Field 1, of which the area is 13.4 ha. The soil is mainly Delfina loamy fine sand. Grain sorghum is normally cultivated in rotation. For this field, Sorghum (AgriPro 9850) was planted in late February 2001 and harvest in late June of the same year.
The imagery was acquired from the field with a hyperspectral imaging system mounted on a Cessna 206 aircraft. Raw data were recorded with 12-bit and 128 spectral bands from 457.2 nm to 921.7 nm at spectral resolution of 3.63 nm. No stabilizer or inertial measurement device was mounted on the aircraft for measuring the variation. The geometrical distortions were corrected by using a reference line approach presented in [18] . Since the quantum efficiency near the NIR end of the spectrum is low, reflectances for wavelengths larger than 846 nm were unreliable. And the first few bands of the blue region are very noisy. Therefore, bands 1-5 and 108-128 were removed and the remaining 102 bands were used for experiments. The
Crop yield data
Yield data were recorded by an Ag Leader PF3000 yield monitor (Ag Leader Technology, Ames, Iowa). Yield, moisture and location were recorded at the same time. The combine used had a cutting width of 8.7 m. The yield and GPS data were preprocessed before experiments. An optimum time lag of 15s was used to align the yield with location; and the yield data were adjusted to 14% moisture content.
The crop yield data were the same coordinate system as the images. Notice that the spatial resolution of the hyperspectral images are 1 m; therefore the yield data were interpolated to the same resolution as the images by using bilinear interpolation.
It has to be noticed that even though the geometrical distortions in the images were corrected, there were still residues and that there were small variations in the observation conditions on the two dates. Therefore, a fusion of the observation results of the same fields taken on different dates might be able to improve estimation results.
EXPERIMENTS AND RESULTS
Protocols of the experiments
VCA, which is presented in Section 2, will be used to unmix the hyperspectral images taken on the sorghum field on two dates. We suppose that there are two endmembers (vegetation and soil) existed in each image. Their spectra and abundance maps will be automatically computed by the linear unmixing (Figure 1(a) ). The other endmembers extracted on both images correspond to the soil. The correlation coefficients between the abundance maps of the extracted endmembers and the crop yield image are shown in the first two rows of Table 1 Table 1 . Correlation coefficients between the crop yield image and abundance maps of the endmembers extracted by VCA on the images of Field 1 taken on two different dates.
tion coefficients between these images and the yield image are shown in the third and the fourth rows in Table 1 . It can be seen that the product and the square root of the product of the vegetation abundances significantly improve the correlation. The correlation coefficient obtained on the product of the vegetation abundance (0.780) is much higher than the results obtained by the state-of-art method presented in [13] (0.63 at highest).
CONCLUSIONS
In this paper, we have evaluated unsupervised unmixing approach (VCA) for the application of crop yield estimation.
The results show that abundance maps of the vegetation extracted by both approaches are strongly correlated to the yield data (the correlation coefficients are between 0.7 to 0.8). The results validate the higher efficiency of the unsupervised unmixing approaches compared with the supervised methods presented [13] for the purpose of yield estimation. In addition, the unmixing was performed on the hyperspectral images of the same fields, but taken on two different dates. The results show that the correlations between the vegetation abundances and the yield image might change in terms of the observation dates. However, by combining the vegetation abundances extracted on different dates (by computing their products or the square roots of the products), the correlations are significantly improved so that we can always obtain the highest correlations. 
